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Abstract- This paper presents a navigation method for an
autonomous mobile robot. In order to equip the robot by capacity
of autonomy and intelligence in its environment, the control system
must perform much complex information and processing tasks in
real time, and it iswell suited to use the soft-computing techniques.
The objective of this paper is to elaborate intelligent control
systems for the path following behavior by a mabile robot using
fuzzy and neuro-fuzzy controllers. The proposed controllers are
used for pursing a moving target. Simulation results show the
effectiveness of the designed controllers. The results are discussed
and compar ed.

Index Terms mobile robot, path following, neuro-fuzzy
controller, hybrid learning, moving target pursing.

|. INTRODUCTION

Soft-computing paradigms have provided a powedal to
deal with mobile robot navigation process, whichhibits
incomplete and uncertain knowledge due to the imawy and
imprecision inherent from the sensory system. Fulzmjic
based decision-making and neural networks have toegwl to
be the most attractive techniques that can be @medhis
purpose [1][2].

Fuzzy systems have the ability to make use of kedgé
expressed in the form of linguistic rules. Fuzzysteymn is
tolerant to noise and error in the information caegnfrom the
sensory system, and most importantly; it is a factaflection
of the behavior of human expertise. The knowledfie¢he
operator would be presenting in the form of a defuazy
linguistic rules. They offer the possibility of ingmenting
expert human knowledge and experience [3].

Ever since the fuzzy systems were applied in irchist

applications, developers know that the constructbra well
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control. Learning allows autonomous robots to aegui
knowledge by interacting with the environment [$][6

The merger of neural networks and fuzzy logic ledhe
creation of neuro-fuzzy controllers which are caothe one of
the most popular research fields. Generally, ndéuray
systems can be classified into two categories; tadapeuro-
fuzzy inference system (ANFIS) [7] and hybrid nefunzy
systems [8]. The first category is the most widesed, and
they are designed to combine the learning capigsildf neural
networks and reasoning properties of fuzzy logibe Tmain
function of neural network is to learn about thezfyinference
system (FIS) behavior and uses this knowledge aptackly
modify its parameters. The adaptability of the funzference
system can be achieved by either rule base motidicand/or
membership functions modifications. Rules can beegsed,
modified, and/or eliminated, while membership fumes of the
input variables can adjusted and tuned by scalieghamnism
[7]. The basic idea behind the use of the secoregoay is to
replace all or parts of the basic modules thatdsuk FIS
[8][9]. The only advantage that can be gained freach
arrangements is the high processing speed, preguthat a
hardware implementation of such neural networkstexi

In this paper an approach to design simple fuzzyrauro-
fuzzy controllers are described for the path follaytask. The
control systems generate the appropriate actionvthiadrive
the mobile robot straight on the path to reach fimal
destination.

The present paper is organized as follows: se&igives a
brief presentation of Fuzzy and ANFIS techniquassdction 3,

performing fuzzy system is not always easy. Theinirm We Will describe the path following behavior. Theoposed

drawback is the lack of a systematic methodology tfeir
design [4]. Usually, tuning parameters of memberéhinctions

controllers are introduced and explained in secfio8ection 5
shows simulation results for examples of the patloding

is a time consuming task. Neural netwéelrning techniques task. In section 6, we present a moving targetipgréy a
can automate this process, significantly reduciagetbpment mobile robot. Section 7 concludes this paper.

time, and resulting in better performance.

Techniques based on the use of Artificial Neuratwdeks
(ANN) have a great interest in control and robdigenains [5].
The fastness of treatment and their capacity of@apmating
complex nonlinear functions motivate their userfabile robot



Il. FUZZY AND NEURO-FUZZY SYSTEMS The output of the nodes in layer 1 is the membprshlues of
A.Fuzzy Logic System
Fuzzy logic systems are inspired by the remarkabl@an
capacity to reason with perception-based informatiRule Of =4y (x) i = 1.2 @)
based fuzzy logic provides a formal methodologyliiaguistic
rules resulting from reasoning and decision makimigh
uncertain and imprecise information. The block chag of a

fuzzy control system is shown in Fig. 1 [3][8]. 0O?= W = 4, (X)X:Ua (y) Q=12 2

the premise part:

Every node in layer 2 is a fixed node labelky which

multiplies the incoming signals:

Rule Base Every node in layer 3 is fixed node labeMdbr normalization
it calculates the ration of thieth rule’s firing strength to the

Y

]
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Mechanism In layer 4, every node is an adaptive node whigeftimction is

t-wxf =wlpx+av+r). = 4
Fig.1. Fuzzy logic structure O W f' W'(p'x ay r')" 12 “)

The fuzzy Logic controller (FLC) is composed getigraf the Where w is the output of layer 3 ang, g, r; are the

following elements [3]: parameters for the first order Sugeno rule.

- A fuzzification interface:converts controller inputs into The overall output of the network can be defined as
information that the inference mechanism can easilg to O5=f :ZV_"' x f
activate and apply rules. : =
- A rule-base:a set oflf-Then rules which contains a fuzzy

logic quantification of the expert’s linguistic aemption of how C.Hypr|d Iearn.mg tgchmques
to achieve good control Using a given input-output data set, constructsuzzyf

- An inference mechanism: (inference engiremulates the inference system whose membership function paramete

expert's decision making in interpreting and appudyi tuned (adjusted) using either a back-propagatiqyorahm

knowledge about how best to control the process. alone or in combination with a least squares me{ddThis

- A defuzzification interfaceconverts the conclusions of theygjustment allows the fuzzy systems to learn froendata they

inference mechanism into real control mputs fag firocess. are modeling. If we suppose that tBgis the set of premise

There are two types of FLC; Mamdani model and thit .

Takagi-Sugeno [3]. parameters an@ is cons.,equent parameters set. Japg prgposed

that the learning task is done in two passes uairfyybrid

B.Adaptive Neuro-Fuzzy Inference System learning algorithm as shown at table 1. As depiciadthe
Inspired by the idea of basing the fuzzy inferepaecedure forward pass the first set is fixed afglis optimized by the

on a feed forward network structure, Jang [7] pesgba fuzzy least square estimateSB. In the backward pas§ is tuning

neural network modelXdaptiveNeural-basedruzzy Inference by the back-propagation algorithm [7].

System). He reported that the ANFIS architecture ¢en

employed to model nonlinear functions, identify hosar

components on-line in a control system, and predlichaotic

(5)

TABLE 1
TWO PASSES IN THE HYBRID LEARNING PROCEDURE FOR ANIF

. . . . . . Forward Pass Backward Pass

time series. It is a hybrid neuro-fuzzy technighattbrings Premise Parameters Fixed Back-propagation

learning capabilities of neural networks to fuzayference Consequent Parameters  Least Squares fixed
Estimate

system. The learning algorithm tunes the membefsimigtions
of a sugeno-type fuzzy inference system using th@ihg
input-output data. ANFIS consists of five layerse tadaptive
nodes of the neural network are the nodes in layeasd 4. If
we assume that the rule base contains two fuztheif-rules of
a Takagi and Sugeno's type [3]:

After a learning phase, the controller is able emayate the
appropriate actions for the desiring task.

R: If xis,Aand ys BThen, ¥ f, (X, YFpx+qy+ ¢
R,:If xisAand yis BThen ¥ f, (X, YFRX + gy + 1,



Ill. PATH FOLLOWING BEHABIOR Yy

A.Mobile robot configuration

The mobile robot used in this work is a tricycldob with
non-holonomic property that restricts its mobiliip the
sideways direction and with limitation of angle hlis two rear

driving wheels and a passive front wheel. The ispit this
kinematic system are the steering angle of thet frdreel &

and the linear velocity/, . The outputs are the coordinates of

the robot(X,,Y,,6,) (see Fig.2). In perfect adhesion
conditions, this kinematic model can be described tie
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following equations [10]:

X, =V, cos(,)

(6)

X; X,
Fig.2. Path following strategy

A. Fuzzy logic controller

y, =, sin(8,)
a:%mm>

Where At is the sample time aridhe robot long.

B.Path following behavior

The bloc diagram of the robot controller is showrfig. 3.
The calculation module compares the actual robotdinates
with the coordinates of the path and computes tiggeanoted
6, . This value is compared with the orientation of tiobot

delivered by the odometry module in order to coraptite
angle errorg,, according the equations 7 and 8. The Takagi-

The path following is one of the basic missionsahobile Sugeno fuzzy controller uses this angle and itsatian noted
robot_. Itis a 5|gn|f|_cant task that must have rkbbot b_ecause It d@ to generate the appropriate acti@h The fuzzy sets used
permits this machine to execute its path with aimmim error  for fuzzify the input-outputs variables are showrfigures 4, 5

[10]. The path following behavior consists to dirdwe robot to gnd 6.

follow a trajectory at the best possible precisiod arrives to a
final destination. Generally, the mobile robot exes its

Trajectory
Generation

movement with a constant velocity and estimatedrdjectory g W, g o 1
position with its own odometric sensors. The trajec to z: o] Chmaon =T Juemy ] bt |
follow is stored in the memory in the form of aglrelements - ‘[ 4 i ;
vector (xp, yp,Hp). In the present work we can use a vector g -
with two elements(X,,y,) generated by a module named | Moae
(trajectory generation module). The third parametdtr be Fin3. F I
calculated by the robot during movement. In itsiacposition, 19.3. Fuzzy controfler
the robot (Fig.2) calculates the error an%r using the ”(%)
desired orientatioan which allows it to go ahead to the NB NS Z PS PB
desired point of path [6][10][11]. Which are givby equations
7 and 8 respectively:
y -y g, (rad)
6, = arctg(=—=") ) -2 a6 0 al6 /2 T
Xp =X Fig.4. The membership functions cﬁer
6.,=6,-6 8
er d r ( ) ndé)
A
IV. PROPOSEDCONTROLLERS NB NS 7 PS PB

In this section, the developed controllers are @rpld.
They are based on simple design methods using flogig
controller and neuro-fuzzy controller for a pathldaing

. ) dé (rad)
behavior by a mobile robot. -
-t -m/2 -6 0 /6 n/2 o

Fig.5. The membership functions of&



B. Neuro-Fuzzy controller

@ The robot controller is an ANFIS model. It is a coreler
‘r Takagi-Sugeno model trained by a data-base fortsk. At
NB NS [z PS pB each sample, the movement represented by the angied,,

is given to the controller to let the robot to reathe next
reference. Figure.8 presents the proposed neumy-fuz

a(rad) controller. The network structure is similar to ttled a neural
| | _ | > network, which maps inputs through output membershi
4 -n/8 0 w8 w4 functions and associated parameters, and thenghroutput

membership functions, associated parameters toutstjts

Fig.6. The fuzzy sets of the output control structure can be used to interpret the input/outmaj.

T-norm and
Normalization

The used linguistic values for all input-outputiasies are: Fuzzification
Z: Zero, PS: Positive SmallPB: Positive Big,NB: Negative
Big, NS: Negative Small.

The proposed control strategy is expressed synaiyliby
the fuzzy rules presented at table 1. Figure.7 shbw surface
control of the used fuzzy control system.

Aggregation

TABLE |
RULE BASE FOR THE PATH-FOLLOWING TASK
dH eer
NB NS z PS | PB
NB NB NB | NB | NS z
NS | NB NB NS z PS 8,
z NB NS z Ps| PB :
PS NS Z PS PEB PEB Fig.8. The proposed ANFIS structure
PB z PS PB | PB| PB )
1. Learning phase
The output control applied to the mobile robot iveg by This phase consists to adjust the fuzzy contrpiégameters
equation 9: (premise part and conclusion part) using the tngirdata for
a_i a ©) the path following task. This data-base contains vectors of
.:1W ' the angle errorg, and its appropriate actio@ . The input
Wherew; is the truth value rulefor a given input vectol is the variable of the neuro-fuzzy controller is fuzzifieging the
number of rules. The truth value is calculated by: same labels used in the previous section but witawssian
W =, (6,,) % s (d6) (10)membership functions type. After the learning phabese

membership functions are modified and adjusted

Control Surface

2. Control phase

The bloc diagram of this control system is showrrig.9.
At each step, the calculation module computes és&reld angle
noted g, . This value is compared with the orientation of th

robot to compute the angle errék, . The trained neuro-fuzzy

alpha

controller uses this angle to generate the apptgraction
conducting the robot to reach the next point ofghth.

Trajectory
Generation

? 7 = Calculation 9& ¥, 85. Neuro-Fuzzy | u :'777\;0713571;777—5

i & Module d Controller A—?r o '

Fig.7 Control surface for the designed fuzzy cotrol : l |
inci [ i 6‘ H Odometry :

The principle input for the path following tasktise angle L Moaue !

error. In order to simplify the studied strategy @an use only
this value as an input for the neuro-fuzzy congémlWith an
assumption of that, the robot is firstly locatedta path. Fig.9. Neuro-Fuzzy controller



V. SIMULATION RESULTS

In order to test the designed controllers, differeference
paths are chosen to provide several direction dmagd types
of curves. The paths are composed of segmentso(disaous
curve which does not respect the kinematic comdaif the
robot). These paths lead the robot to the finaliciztson called
goal.

For the ANFIS method, to compare the desired cbntro

output with the ANFIS one; Fig.10.a shows the t@sponses.
A big similarity between them is observed. As deggcin
Fig.10.b, the error is minimized to zero illustngtithe best
learning of the controller. The simulation restittsa path with
one segment are given in Fig.11 and Fig.12 usiaduthzy and
neuro-fuzzy controllers respectively. The path daihg is
good and satisfactory; the robot can follow thehpaith a
minimum error. For different straight paths withffelient
slopes following using the two controllers, theulesare shown
in Fig.13 and 14. In this case, the robot is iflitiat (10,10)
point with a null orientation. As depicted, the posed
controllers can behave correctly in all cases dmsl task is
realized efficiency. The robot tends to overlappitige
trajectory by few errors at the first turning.
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Fig.10 (a) the desired control with the ANFIS outpu
(b) the learning error.
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Fig.12. Line following using Neuro-fuzzy controller
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Fig.13. Straight paths following using fuzzy coti&go
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Fig.14. Straight paths following using ANFIS coriieo

The application of these controllers for a V formtip
composed of two segments and presenting attenuaigles
(not respecting the kinematic constraints of théotoand
steering limitation) leads to the robot trajectalgpicted in
Fig.15. The path following is good but a minimunroeris
observed. This error is smaller when using the avuzzy
controller due to the data base used in trainirgk.td he
tracking error exists at changed points of theetitgjry due to
the curvature discontinuity which leads to abrupdrge of &
at the turning steps, and is due especially tdithigation of the
steering angle (control value).



Envronnement de Navigation Navigation Environment

77777 VII. CONCLUSION

In this paper, we have presented a control sysbersed on

,,,,, intelligent techniques for the mobile robot navigat The first
- technique is based on the fuzzy logic control dredgecond is

- an ANFIS controller. These controllers are usedetdize the

path following behavior and moving target pursiiitferent

! reference trajectories with different curves amawated. The

“la) (61‘3’ perme simulation results show the efficiency of the twoogsed

controllers for the robot control and permitting equip the

mobile robot with a certain degree of intelligenéée results
show a big similarity between the two approacheke T

VI. MOVING TARGET PURSING adygntage of the proposed controllers is the saitpland the

, ) , , efficiency for the robot control.

If we consider a moving target in the robot envinemt, the As prospects, it is interesting to improve the ttdbehavior
task is to purse this target; while there coordisatre known at gng apply this strategy on a real mobile robot. Ferest of
any time. The maobile robot purses the target byctieulation this type of approach will be given to other optiation
of the steering angle that conducts the robot ate#ue target. approaches for the fuzzy controllers.

Fig.15. Robot trajectory for V shaped referencgtiary using
fuzzy controller (a) and neuro-fuzzy controller.(b)
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